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Abstract
In an effort to better understand the impact of fatigue on commercial flight operations, we collected physiological and 
performance data from commercial flight crews performing simulated operations under both rested and fatigued conditions.The 
purpose of this researchwas 1) toevaluate the effects of varying levels of fatigue and workload on pilot performance and 
physiological responses, and 2) to determine whether any technology exists to detect symptoms of fatigue in real time.Thirty-two 
airline pilots were fitted with a variety of physiological measurement devicesto measure characteristics that are affected by 
fatigue. Each crew of two pilots flew a “rested” and a “fatigued” session in a high-fidelity B-777 simulator.Crews were assigned 
to one of two flight scenarios: either one 6.5 hour “long-haul” flight or four consecutive 0.5 to 1.5 hour “short haul” 
flights.Subjective fatigue ratings accurately reflected the rested and fatigued conditions; however, performance on a psychomotor 
vigilance task did not vary significantly between rested and fatigued conditions or between short and long haul flights. Further, 
although physiological data allowed a general distinction between larger and smaller fatigue effects for most individuals, no
single measurement device was found to reliably indicate fatigue levels with enough granularity to allow for useful fatigue 
detection. However, a statistical/machine learning model was constructed that was able to accurately categorize fatigued data for 
each individual pilots using that pilot’s combined sensor data with a success rate greater than 95%. It is probable that by 
optimizing the parameters of the model and improving the quality of sensor data, an algorithm-based solution to real-time fatigue 
detection can be developed.The applicability of this type of approach extends beyond the commercial flight deck to any work 
environment that requires multi-shift or other non-traditional scheduling.
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1. Introduction
In order to determine what kind of physiological data is most useful in detecting and identifying fatigue, the 
current study evaluated a variety of physiological measurement devices and other related tools. These devices and 
tools were embedded into a high fidelity simulated flight deck and used in the context of commercial flight deck 
operations.Our intent was to capture the specific effects of varying levels of fatigue on individual physiological 
symptoms as well as on overall crew performance.
Data from the physiological tools and from flight performance was intended to be analyzed to determine:
1) Whether one or more of these tools or data sources can be used to accurately and reliably detect fatigue effects as 
they develop over time, and whether they can be linked to measurable declines in performance,
2) Whether there are significant differences between fatigue effects during a long-haul flight vs. during a series of 
short haul flights, and
3) The ability of the Boeing Alertness Model (BAM) tool to accurately predict the risk of fatigue.BAM is a 
biomathematical model that incorporates a number of parameters in generating a risk of fatigue index.It can be 
used in a scheduling algorithm and, when populated with data from individual pilots, can help to create schedules 
which reduce the risk of fatigue predicted for those pilots.
Our approach was to use a combination of commonly used sleep research tools, both objective and subjective. 
The ultimate goal was to separately identify physiological indications of fatigue as well as performance decrements, 
and then to determine a relationship, if any, between fatigue effects and performance.
Nomenclature
BAM Boeing Alertness Model
CA Captain
EEG Electroencephalography
FAA Federal Aviation Administration
FRM Fatigue Risk Management
FO First Officer
KSS Karolinska Sleepiness Scale
PVT Psychomotor Vigilance Task
PVTL Psychomotor Vigilance Task – number of lapses per session
PVTMR Psychomotor Vigilance Task – mean response time per session
SP Samn-Perelli Fatigue Scale
2. Background
It has long been understood that fatigue on the flight deck is a serious safety issue, as it can result in both minor 
and major performance decrements that can ultimately endanger the crew and passengers.The 2011 FAA Report on 
Duty Time Limits specifically identified various scheduling factors that are known to affect sleep and subsequent 
alertness, including “early start times, extended work periods, insufficient time off between work periods, 
insufficient recovery time off between consecutive work periods, amount of work time within a shift or duty period, 
number of consecutive work periods, night work through one’s window of circadian low, daytime sleep periods, and 
day-to-night or night-to-day transitions” [1].
Also, fatigue is affected by a factor unique to commercial flight crews: circadian rhythm desynchrony, commonly 
referred to as “jet lag,” which occurs when pilots (and passengers) cross multiple time zones during the course of a 
flight. A mismatch between “home” time zone and “destination” time zone results in a noticeable physiological 
disconnect between the body’s circadian phase and the local day/night cycle as well as related performance 
decrements [2,3].
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In addition to the situations that face all pilots due to the nature of the occupation, there may be factors that are 
specific to the types of operations that affect fatigue.Long haul pilots face significant time zone transitions and crew 
rest opportunities that may not coincide with times that they are most fatigued or able to get restorative sleep. For 
short-haul or domestic pilots,multiple takeoffs and landings per day produce significant levels of fatigue, and sleep 
opportunities may be delayed due to late arrival or shortened with an unexpected early wake-up.Powell and 
colleagues report that the most important influences on fatigue in short haul operations were number of sectors and 
duty length [4].
There are many strategies for detecting fatigue and/or sleepiness and determining fatigue effects on performance 
of tasks of varying cognitive or physical effort (for a review, see [5, 6, 7]).The two primary categories are objective 
measures, which include physiological as well as performance, and subjective measures, which rely on self-
assessment.Objective measures allow for an impartial interpretation of the data because they are collected without 
input or influence from the individual, but they may not represent the whole picture. Objective measures of 
autonomic physiological responses related to fatigue include brain activity (EEG), eye movements and eye-closure 
related measures, facial muscle tension, heart rate related measures, actigraphy, and postural measures, among 
others.Objective measures of fatigue effects on performance include psychomotor vigilance tasks (PVT) and other 
stimulus-response tasks, cognitive tasks ranging from the simple (e.g. basic addition or word games)to the complex 
(memory tasks, problem solving), pattern-matching and monitoring tasks, decision-making, and voice/speech 
analysis.The PVT in particular is commonly used in fatigue research and has been shown to be more sensitive to 
fatigue effects than other objective performance measures [8, 9].However,objective measures are not immune to the 
confounding effects of external factors: most or all of these measures can be influenced by environmental (e.g. glare, 
low humidity affecting blink rate) or situational (e.g. emergency, high-adrenaline affecting heart rate) factors.
Subjective measures help identify how the individual perceives a situation or experience, which can be useful in 
understanding the individual’s behavior, but these can be influenced by external and internal factors resulting in a 
distortion from the “truth” of a situation.Subjective measures of fatigue effects include a variety of self-report rating 
scales (e.g. Karolinska Sleepiness Scale or KSS, Samn-Perelli Fatigue Scale or SP) and sleep diaries, where the 
users indicate the frequency and duration of their sleep periods and assign ratings to the quality of sleep 
obtained.Subjective measures are likely to be less reliable compared to objective measures, since they are more 
heavily influenced by those factors that mask fatigue or sleepiness[10], as exemplified in studies that show 
subjective ratings indicating low perceived fatigue but objective measures that show a negative effect of fatigue on 
performance [11].
For any fatigue model, such as BAM, to be effective, it is important to gain a better understanding of all of the 
various factors that contribute to fatigue, and more importantly, how the effects of fatigue may negatively affect the 
pilots’ abilities to cope with those situations. A tired pilot may not always make mistakes and in fact may rarely 
make mistakes, but he or she is more at risk in all situations than an alert pilot.If it is possible to predict how each 
factor contributes to an individual’s experience of fatigue, insight may be gained into how to mitigate those factors 
and/or the resulting fatigue in an effective manner.
3. Methods
3.1. Participants
Thirty-two pilots from Delta Airlines participated in this study.All were male and the average age (from 26 
respondents) was 56.2 years (±4.1 years).All were type rated on the Boeing 777 with an average of 3,500 hours in a 
777 (average of 14,000 hours in all aircraft). Pilots were recruited in pairs to make 16 crews consisting of a Captain 
and a First Officer.
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3.2. Experimental design
There were three pairs of variables that were manipulated in this study. The first, a within-subjects variable, was 
the level of fatigue experienced by the pilot prior to participating in the experimental session; each session was 
designated “rested,” which was scheduled after a sufficient sleep opportunity, or “fatigued,” which was scheduled 
after a period of extended wakefulness.The second, a between-subjects variable, was the type of flight operation; 
crews were assigned to one of two single long haul flights per session or one of two series of four short flights per 
session. The third was the order in which the sessions were presented (rested first or fatigued first).
In order to estimate all possible effects of these three binary variables (rested/fatigued, long/short, session order)
as well as all potential interaction effects, the experiment was designed to collect all eight combinations of these 
three variables, and the resulting “block” of eight unique combinations of the experimental factors was replicated to 
account for all 16 crews.
3.3. Experimental procedure
The experimental design was set up in two phases:first, pilots collected data for two weeks using the Jeppesen 
CrewAlert app on a provided iPod and wearing an actigraph watch.The CrewAlert app was used to collect sleep 
journals, work and flight schedules, and several measures of fatigue throughout every day.
Second, at the end of the two weeks, each crew of two pilots were brought to Seattle to complete two flight 
sessions in a high fidelity B777 simulator.For the rested-first sessions, pilots were expected to fly into Seattle the 
evening prior to the first session and have a sufficient sleep opportunity before reporting to the simulator.The first, 
rested, session was conducted during daylight hours, and included the circadian high (typically the daily peak 
alertness and performance).The second, fatigued, session was scheduled for the following evening after a period of 
wakefulness; during the day before the session, pilots were kept busy with several activities that precluded a nap 
opportunity.The second session included the circadian low (typically the lowest point of alertness and performance 
in a 24 hour period).For the fatigued-first sessions, pilots were asked to fly into Seattle in the afternoon and 
immediately report to the simulator for an evening session.After the first session, the pilots were given 26 hours of 
free time (with several optional activities during the day) and reported for the second session in the morning after a 
sufficient sleep opportunity.
3.4. Data collection
Objective and subjective measures of physiological responses as well as flight performance and decision making 
were collected.EEG (electroencephalography) was measured using a polysomnograph as well as a Zeo dry-electrode
headband.Eye movements and heart rate and variability-related metrics were collected using the 
polysomnograph.Actigraphy was measured using an Actiwatch.An iPod installed with the Jeppesen app 
“CrewAlert” was used to collect psychomotor vigilance test (PVT) scores as well as subjective fatigue and 
sleepiness scores. An OptAlert system measured percent eye closure andPupillometry.Head posture and nodding
was collected using a Leggett ultrasonic headrest-mounted system.Finally, voice/audioand video were recorded 
using embedded cameras and microphones (see Figure 1).The simulator software captured data on flight 
performance, including aircraft altitude, airspeed, heading, bank angle, and flight control inputs.The experimenters 
recorded observations throughout each session and conducting post-session debriefings with each crew to gather 
additional comments and feedback.Pilots also provided demographic information that included age, flight hours and 
type ratings, exercise habits, and typical intake of caffeine, alcohol, and/or medications as applicable.
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Fig. 1.Pilot participant in the study wearing an assortment of physiological monitoring devices.
4. Results
Due to limitations in our ability to perform analyses on the full range of collected data, we are only reporting a 
subset of findings from this study at this time.
4.1. PVT and self-reported fatigue level results
Throughout each experimental session, each subject was instructed to collect four instances per flight of the 
following measurements with the JeppesenCrewAlert iOS application: the 9-point Karolinska Sleepiness Scale 
(KSS), the 7-point Samn-Perelli scale (SP), and psychomotor vigilance task mean response time (PVT MR) and 
number of lapses (PVTL) from the 5-minute PVT test (both mean response times and number of lapses have been 
found to increase as fatigue increases, see [9, 11]).
For KSS, there was a statistically significant mean difference between rested and fatigued conditions of 
approximately 0.85 KSS units (higher for the fatigued condition, p < 0.001). The difference between short hauls and 
long hauls was not statistically significant.There was a statistically significant change in KSS over time from start to 
end of each session (0.22 KSS units per hour, p < 0.0001), and this slope was significantly different between rested 
and fatigued conditions (an additional 0.25 KSS units per hour of slope for the fatigued condition, p < 0.0001).The 
data from this study indicate that the KSS and SP ratings are strongly related, suggesting there may be little practical 
difference in the use of either of these two scales (i.e. they are statistically interchangeable).
For PVT MR, there was a statistically significant mean difference between rested and fatigued conditions (p = 
0.0255), with the fatigued condition having, on average, 6.7 milliseconds faster mean response time: the opposite of 
the expected effect. The change in PVT MR over time was not significantly different from zero, nor was there any 
significant difference between short and long hauls. The interaction effect between change over time and rested vs. 
fatigued was statistically significantly different from zero (p < 0.001), and indicates that while PVT MR did not 
change significantly during the course of rested sessions, there was an increase in PVT MR over time for fatigued 
sessions. The magnitude of this effect, however, is quite small: on average pilots became an estimated 2.30 
milliseconds slower per hour during the fatigued sessions.
For PVTL, there was a statistically significant mean difference between short hauls and long hauls, with a 
difference of approximately 1.09 lapses (higher for short hauls, p < 0.01). There was no statistically significant 
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change in PVTL over time, nor was there any statistically significant difference between rested and fatigued 
conditions.
4.2. Method for fatigue level estimation
As previously described, a large number of data streams were collected from physiological devices mounted in 
the flight simulator as well as on the pilots. Each of these signals might, independently, be considered as a predictor 
of fatigue. The evidence in favor of its predictive capability may be studied by examining the individual data 
streams over the time frame of the experiment, in the context of the experimental conditions (rested flight vs. 
fatigued flight, start vs. end of flight, short hauls vs. long haul, etc.), and then to consider combinations of these 
variables.
Our initial investigations into the individual physiological devices or measurements, such as EEG, heart rate, and 
blink rate, did not reveal any strong associations with fatigue.Therefore, we attempted to develop a means to apply 
machine learning to the amalgamated physiological data collected on each pilot, which when combined with 
knowledge of the relative fatigue level of each pilot (e.g. via CrewAlert-related measures) may form a predictive 
model for fatigue. Because fatigue level was different for each pilot due to biological differences as well as 
differences in sleep, diet, and related factors, and because fatigue appears to be manifest differently in different 
individuals, this technique might permit development of an individualized fatigue model for each pilot.
During preliminary model-fitting, a random sample of data from the “rested” period and a random sample of data 
from the “fatigued” period were sampled, and the model learned from these cases how to distinguish fatigued vs. 
rested.For the test data, a data point was classified as “fatigued” if the model output indicated the probability of 
fatigue was greater than 50%.
Results indicate a high ability to predict which epoch (rested or fatigued) data arise from; in almost every case the 
model was able to achieve a 100% classification accuracy score on training data, and the test data was then correctly 
classified with between 91.36% and 100% accuracy.
5. Discussion
A primary objective of the experiment was to determine which, if any, physiological measurement devices might 
be indicative of fatigue, and if these devices could be used to estimate fatigue level in a meaningful way. The ability 
to accomplish this objective relies heavily on influencing the level of fatigue experienced by subjects within the 
study; if subjects are not adequately rested and adequately fatigued in the respective conditions, even the best of 
devices available may not be capable of distinguishing these attenuated levels from one another. Objective PVT 
metrics did not indicate subjects reached a “high” level of fatigue; at least, their mean response times and lapses 
were not any higher during fatigued sessions than during rested sessions, and did not increase in a practically 
meaningful way over the course of either session.
Pilots did indicate they felt more fatigued over the course of each session, and that this fatigue level was 
generally greater during fatigued sessions. It is, of course, impossible to separate this effect from the confounding 
effect of the pilots knowing which session they’re in and expecting to be more fatigued during the fatigued session. 
If this confound could be removed, it would likely have the consequence of at least partially attenuating the 
magnitude of differences between rested and fatigued, and of change over time.
Only rarely were differences between short haul and long haul flights observed (PVTL as a function of time since 
takeoff, the only significant factor found in our analysis). This suggests that these objective and subjective measures 
aren’t sensitive to the differential effects on fatigue generated by the two different types of flights, or simply that 
these differential effects of fatigue were not adequately generated in this experiment. It is possible that as 
implemented, the overall workload difference between our short haul and long haul flights was not as marked as 
necessary to elicit the expected differences.It is also possible that the manifestations of fatigue due to higher 
workload (in the short hauls) did not differ noticeably from the manifestations of fatigue due to long periods of 
underload or boredom (in the long hauls).
The machine learning method of fatigue level estimation described and implemented here provides an automated 
way to incorporate data from any number of sensors collecting data of different types at different sampling rates, 
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and turn these data into an estimate of fatigue level. Though promising, it is still very preliminary and has a number 
of weaknesses: since it is currently unknown which metrics from which sensors might be indicative of fatigue, the 
approach taken here is to consider all possible information provided by the sensors, and attempt to produce the best 
possible predictive model of fatigue. The ability to define which points are fatigued and which are rested is critical 
to the use and capability of this technique. If this determination cannot be made, the technique cannot succeed
Another critical element for this method is consistency of the physiological measurement devices. If a device 
“behaves” differently on different days, due to setup, attachment, calibration, or other issues, then the device will 
hinder the ability to discriminate rested from fatigued data.Poor performance in our early investigations was often 
found to be the result of an EEG or ECG electrode that had become detached from the subject, or eye-behavior-
tracking glasses that were poorly calibrated or otherwise performed poorly. Removal of these data streams generally 
improved the performance of the algorithm for that subject.
6. Conclusions
While subjective fatigue was influenced in a manner consistent with what was expected when the experiment was 
designed, the traditional objective measure (PVT) did not reflect the expected fatigue levels. Similarly we were not 
able to find differentiation in fatigue manifestation in long vs. short haul flights. These may be due to insensitivity of 
these measurements to fatigue in this context, or they may be due to insufficiently induced fatigue during the 
experiment (but sufficiently influenced perception or expectation of fatigue by the pilots).
Many of the physiological devices used in the experiment carried a significant amount of “noise” in their 
measurement or were subject to data losses during operation. Technology in this area continues to progress rapidly 
as evidenced by the number of relatively cheap consumer devices available today that provide similar data 
(actigraphy, heart rate, etc) in a user-friendly and unobtrusive manner. However, minimum requirements for data 
quality for each physiological measurement data source need to be developed in order to be effectively used in 
applications such as a real-time fatigue algorithm.
Given our experience from this study and in the absence of more complete analyses of our data, we would 
caution against reliance on periodic fatigue measures such as PVT or subjective ratings, or singular physiological 
measures, as anything other than sources of low-fidelity information.
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